ABSTRACT This paper presents an agent-based fuzzy constraint-directed negotiation (AFCN) model for cyber-physical-social systems (CPSS). The proposed AFCN model is a behavior-based negotiation framework, which involves the agents perceive the opponents' behavior and market environment to evaluate the proposal and revise the intention to guide the behavior of agent which represent the goal the agents aim to achieve. The novelty of the proposed model is to add the fuzzy membership function to exchange information between the cyber, physical, and social worlds for representing the imprecise Quality of Service (QoS) preferences that must be satisfied. This added information sharing is of critical importance for the effectiveness of distributed coordination because it not only reveals the opponent's behavior preference but also can specify the possibilities prescribing the extent to which the feasible solutions are suitable for agent's behavior. Moreover, the AFCN model can flexibly adopt different behavioral strategies such as the competitive, win-win, collaborative, and hybrid strategies for classic market environments which enable an agent to reach an agreement benefit all participants without reducing any of an agent's desires. The experimental results demonstrate that the proposed behavior-based agent negotiation model outperforms other agent-based approaches in terms of the level of satisfaction, the ratio of successful negotiation, the total revenue of service providers, the buying price of the unit resource, and convergence speed.
I. INTRODUCTION
The Cyber-physical-social systems (CPSS) are distributed systems that integrate the cyber, physical and social worlds [1] . The self-organization elements of CPSS need autonomic ubiquitous discovery and access the services or resources based on interaction between these worlds [2] . Especially the social user factors involved, numerous data of users from the sensors or personal devices will be stored or processed in the cloud server [3] . So, a dynamic marketplace for trading arbitrary services need be supported. To establish healthier and more efficient service e-market, which needs participants freely cooperate and compete with each other [4] , and needs that consumers have more flexibility to select the competing service from multiple and differentiated providers. Thus, an efficient and autonomous negotiation mechanism in
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the CPSS is essential to resolve the conflict between service providers and consumers [5] .
Currently, Agent-based negotiation approaches have been widely used for automated negotiation in CPSS [6] - [9] , which provides more efficient, flexible distributed problem solving techniques. Multi-Agent Systems (MAS) is widely used for the development of Internet of Things (IoT) and CPSS [10] , [11] . The agent is an independent entity will adopt the suitable decision-making behavior by imitating the human negotiation behavior [12] , which perceive, act upon its environment to cooperate with other agents to reach an agreement and aim to improve local and global outcomes over those reached. The behavior of agent is guided by the agent's intent and may be adjusted by the dynamic negotiation environment, which consist of a form about communication and interaction of a group of agents with conflicting interests and a desire to cooperate for a mutually acceptable agreement on the scarce resources.
Agent-based auctions are particular broker model (i.e., auction-based model uses auctioneer agent) is used for solving conflicts among participant agents [13] , [14] . The behavior of broker agent wants to receive strategic information from the negotiators and then coordinate the negotiation results. A major problem with these approaches is that they are essentially centralized scheduling methods and often require sharing strategic information that would not be revealed to opponents or even to a broker agent, which central entity arises the trust risk and becomes a bottleneck that hinders problem solving [15] . Moreover, the popular auctionbased model [9] , which are adopted in CPSS, are usually a single-shot negotiation with limited interaction, so the make decision mechanism of broker agents are based on the incomplete information, thus risking inferior negotiation results.
For a fully distributed negotiation, bargaining model provides the agent's behavior of exchanging offers and counteroffers iteratively to search for coordination. The behavior of agents is evaluated by utility functions, and is guided by the concession strategy which reveals the acceptable satisfaction level at current state. Typically, Faratin et al. [16] , proposed three types of concession strategies (tactics): time-based, resource-based and behavior-based. Zulkenine et al. [17] , applied the time dependent strategy for service level agreement (SLA) negotiation for web services. Wu et al. [18] , and Ren et al. [19] , presented the market-driven agents (MDA) model to address the dynamic cloud service market environment. However, these approaches does not allow the agents justify their concession ratio based on the influence of the behavior of their opponents, which result in conceding every issue in the same ratio. Adabi et al. [20] , proposed the marketand behavior-driven agent negotiation model to enhance the success rate and satisfaction level of agents, which take the opponent's behavior into account and the agents' behavior of making concession are based on the post-negotiation data recording. This approach allows negotiating agents ensure their satisfaction and avoid the risk to concede everything to the opponent, thus increasing their chances to achieve their best goals. However, currently bargaining negotiation agents resolve the conflicts through continued concessions until the value of issues are all overlapping and cannot search all possible solutions for negotiation, and no agent has any a priori information about the feasible solution for generating offer just exchanging the uncertain and incomplete information of proposal without the agent's preference or utilities [21] , which are important to affect the decision-making behavior about generate offers or counter-offers [22] . This paper aims to propose an agent-based fuzzy constraint-directed negotiation (AFCN) model for SLA negotiation for CPSS. The proposed AFCN model is a behaviorbased negotiation framework, which supports many-to-many bargaining negotiation infrastructure and provides a fully distributed and autonomous approach that does not require a broker to coordinate the negotiation process. During the course of negotiation, the agents are endowed with beliefs about the market environment and the opponent behavior, with intentions to guide the behavior of agent, which represent the goal the agents want to achieve. The novelty of the proposed AFCN is to add fuzzy membership function to issues for representing the imprecise QoS preferences (e.g., task completion time, throughput, and price) [23] that must be satisfied. This added information sharing is of critical importance for the effectiveness of distributed coordination because it not only reveal the opponent behavior preference, but also can specify the possibilities prescribing the extent to which the feasible solutions are suitable for agent's behavior [24] , [25] . It not only can improve the performance of negotiation, but also enforce a global consistent negotiation behavior through the iterative exchange of offers and counter-offers. The AFCN model can also flexibly adopt different behavioral strategies such as the competitive, win-win, and collaborative strategies for classic market environments, which not only enable an agent to reach an agreement benefit all participants without reducing any of an agent's desires, but also provide a mechanism systematically explores solutions and avoids re-exploring proposals over the whole solution space. The experimental results demonstrate that the proposed AFCN mechanism outperforms other agent negotiation models in the CPSS market.
The rest of this paper is organized as follows. Section 2 describes the formulation of market-oriented agent-based negotiation in the CPSS. Section 3 presents the behaviorbased negotiation framework of AFCN model. Section 4 defines the negotiation protocol of AFCN about communication messages and communication sequence among agents. Section 5 evaluates the performance of the proposed AFCN model. Finally, Section 6 offers conclusions regarding the findings in this paper and indicates directions for further research.
II. PROBLEM FORMULATION
This paper focus on the fundamental and simplest case for the CPSS. All mobile users will submit service request for task operation to the CPSS, such as sensor services from Physical network, or decision-support services and information services from Cyber network [1] , as shown in Figure 1 . These services are specified the service level objectives with service performances such as completion time, throughput, etc. Those SLOs are in a trade-off relationship with price and regard as the issues in the negotiation process.
In the CPSS, the service consumer driven negotiation is a classic multilateral and multi-issues negotiation scenario. Both Consumer Agents (CAs) and Provider Agents (PAs) represent private interests with the goal of reaching a satisfactory agreement by means of resolving conflicts, such as the PAs aim to the more revenue by delivering their services in the most cost-effective way, while the CAs seek more satisfied services in the fair market [26] . And, each service request of the CA is negotiated simultaneously with multiple PAs. A pair of CA and PA negotiates by making proposals to each other, and many CA-PA pairs can bargain simultaneously. At each round, one agent makes a proposal to the opponent. When conflicts occur, agents negotiate by using relaxation, reconfiguration, or composition methods to modify the constraints until a compromise is reached or negotiations are terminated.
In this classic negotiation scenario, the set of QoS defined by SLA are negotiated between CAs and PAs, which is regarded as a SLA negotiation problem.
Definition 1: SLA negotiation in the CPSS can be modeled as a multi-agent system (MAS), (CA, PA, I), where
• CA is a set of consumer agents (CAs), each of which want to seek the more satisfied services within the budget constrains [14] ;
• PA is a set of provider agents (PAs), each of which want to achieve more revenue with the limited resource capacity;
• I is a set of interrelations between two classes of agents; each interrelation, I i,j,s , specifies an issue s need be negotiated within the i th CA CA i and the j th PA PA j . All issues I i,j must be negotiated between CA i and PA j until both sides reach a satisfied agreement. The way of establishing SLAs is by exchanging offer and counter-offer between consumers and providers to implement selection and allocation of resource. So, to increase information sharing among agents has been used to improve the efficiency of the agent's cooperative. However, agents have only incomplete information to make decisions about generating proposal. Meanwhile, uncertainty and imprecise information occurs throughout the SLA negotiation, and it is usually impossible to obtain precise information, upon which one guide agent's behavior. In the face of incomplete, uncertainty, and inter-dependencies exposed by distribution over participant's perspective, which can appropriately modeled by fuzzy constraints to represent knowledge as flexible and robust as possible. Fuzzy constraints are used not only to define each agent's belief involving imprecision and social human concepts, but also to represent the relationships among agents.
Therefore, the proposed SLA problem can be described as distributed fuzzy constraint satisfaction problems (DFCSPs) interlinked by inter-agent constraints in that coming up to an agreement that satisfies all constraints and reach a mutually satisfactory outcome. Each FCSP represents a set of objects, restrictions, and objectives and is governed by the autonomous agent. As a consequence, the DFCSPs are solved by the agent negotiation, in which a solution has satisfied all of the constraints in a distributed fuzzy constraint network (DFCN) by specifying the fuzzy relationships of an individual agent and those among agents. A DFCN can be defined as follows [24] .
Definition 2: A DFCN, (U, X, C), in a MAS, (CA, PA,I), can be defined as a set of fuzzy constraint networks (FCNs),
}, where • U is the universe of discourse for the entire DFCN;
is a tuple of all non-recurring objects in DFCN, while X k is a tuple of non-recurring objects of the k th agent;
is a set of all fuzzy constraints in DFCN, C k is a set of fuzzy constraints that involves a set of internal fuzzy constraints among objects in X k and a set of external fuzzy constraints between the k th agent and its opposing agents;
represents the k th agent is connected to other FCNs by a set of external constraints of, C k ;
• U k is a universe of discourse for an FCN, N k . where a tuple of non-recurring objects, X k , of the k th agent represents its beliefs, including the agent's attributes (e.g. the QoS preferences) and the knowledge of the environment (e.g. negotiation time and market conditions). A set of fuzzy constraints, C k , for the k th agent corresponds with a set of restrictions (e.g., budget constraints and QoS desires of CA, resource capacity and cost constraints of PA). A solution of DFCSP for SLA negotiation is achieved when the SLA satisfies the negotiated agents' constraints according to their intention.
According to Definition 2, the solutions to an FCN, N k , of the k th agent are regarded as the intention, U k ,X k ,C k , which is regarded as all objects in X k that satisfies all of the fuzzy constraints C k .
Definition 3: The intention of a fuzzy constraint network (U k , X k , C k ), written as N k , is an n-ary possibility distribution for the objects involved in the FCN N k and is defined as follows:
where for each constraint C k i ∈ C k , C k i is its cylindrical extension in the space X k . Meanwhile, α N k is the α − level cut of N k , can be viewed as a set of solutions satisfying all the internal and external constraints C k in FCN N k that is greater than or equal to an acceptable threshold α. If α X k = , there is over-constrained with no solutions, the agent will adjust the threshold α and use the fuzzy constraint relaxation to reconfigure the ranges of the constrains to create new feasible solutions, and thereby moves toward a satisfactory consensus solution for all constraints in DFCN. So, the DFSCP can be resolved and a satisfactory global solution can be obtained.
The agent-based fuzzy constraint-directed negotiation (AFCN) model is proposed to solve SLA negotiation for CPSS, which is a behavior-based negotiation framework mainly consisting of the negotiation process and negotiation protocol. The agent's negotiation process consists of a sequence of negotiation behavior. The negotiation protocol determines the legal messages and common rules that govern the interaction between the CAs and PAs via a communication network.
III. NEGOTIATION BEHAVIOR OF AFCN
During the course of negotiation, CAs first start negotiation request by proposing an ideal offer for resources to the corresponding PAs. Then CAs and PAs continuous exchange the offers and counter-offers between the CAs and PAs until the negotiations terminate. The AFCN provides the main decision-making process of agent, including the following steps: solution evaluation, concession calculation, feasible solution generation, offer generation, and negotiation termination. First, CAs or PAs evaluate the offers or counter-offers about the solution whether to accept. If the solution cannot be accepted, the agent makes the concessions to determine the new agent's behavioral state through an evaluation about the agent's internal behavioral state, the opponent's responsive information, negotiation time factor and market factor. Then, a set of feasible solutions are generated by the agent's behavior strategy based on the new behavioral state, and a prospective solution is proposed to present the new offer or counter-offer. So, the agents can iterative exchange the new proposal until the termination conditions are met. (e.g., the achievement of a consensus or a failure)
Step 1 (Solution Evaluation): An agent's preferences are captured by a utility function based on utility theory. The utilities (desires) are combined with outcome probabilities (beliefs) to enable an agent to generate expected offers. The AFCN adopted the fuzzy constraint-based approach to describe and treat uncertainty information related to imprecisions desires of the agent.
The utility function is formally defined by the aggregated satisfaction value (ASV). The ASV representing the preference over the combination of objects in the agent, is transferred into utility value and used to evaluate the satisfaction of the solution S from the offer or counteroffer to decide if reaching an agreement or conducting concession. The ASV of the solution S to the k th agent k (S) is defined as follows.
where F l (S) is the fuzzy membership function about the l th issue of the solution S, and N I is the number of issues that must be negotiated, and w l are their respective weighting factors. Fuzzy membership function helps the agent to flexible estimate the imprecise preferences about the individual or combinations of multiple issues. The k th agent uses the k (S) to determine whether the solution satisfies the intention ε X k with the behavior state ε. The behavior state estimates whether the agent will accept the solution at the current constraint satisfaction level or need propose a new offer or counter-offer with a lower behavior state.
Step 2 (Concession Calculation): The negotiation strategy guides the behavior of an agent, which is used to adjust the intention N k by decreasing α − level cut and generate a new proposal, thereby moving the negotiation toward a consensus solution. The decision of making concession considers the own satisfaction degree, the responsive information of the opponent, the time constraint and the market factor. The agent's own perspective for the satisfaction level represents the intention of the agent's behavior, the responsive information of the opponent represents the opponent's belief, the time constraint and the market factor are influenced by the negotiation environment. These four factors are defined as Satisfaction, Response, Time and Market [27] .
Satisfaction: The satisfaction level ρ is associated with the current internal behavior state ε, which is the accepted threshold of intention ε X k . Given the prospective solution S * from the last offer for the intention ε X k , the satisfaction value ρ is defined by the ASV as follows:
Response: The opponent responsive information represents the degree of response δ between the offer A n and the opponent's counter-offer B n , which is regarded as the opponent's belief about the offer. The degree of response δ is defined as:
where A n−1 is the offer of the previous round. A n and B n are the offer and counter-offer of the current negotiation round, respectively. The distance measure D(A, B) is associated with the offer and counter-offer over the set of issues and is defined as follows:
where G is the distance measure of two fuzzy sets, which are the possibility distributions of the offer A and counter-offer B for each negotiation issue of the agent. C A l is the fuzzy constraint of the l th issue to offer A, and C B l is the fuzzy constraint of the same issue to counter-offer B.
Time: The time constraint is used to ensure the negotiation process taking place within an acceptable time period. The polynomial function proposed by [28] , is used and defined as follows:
where the variable r is the current round of negotiation and r max indicates the deadline of the negotiation process. The parameter q is a constant value and 0 ≤ q < t ≤ 1, which is an initial value for t. The parameter β is used to control the slope. When β is larger than 1 (β > 1), it results in a steeper curve, and thus, more concessions will be made by an increase in negotiation round r. Market:
The dynamic and open markets are influenced by the ratio of supply and demand [19] . However, the agents are not privy to the whole information about the dynamic market. The market factor can take into account the differences of proposals about the ratio of the concession degree of the opponent to assess the ratio of supply and demand. If the concession value of the ongoing negotiation is smaller than the average concession value, demand is less than supply or there are more competitors and vice versa. The market factor λ is defined as follows:
where D r is a distance function between the offer and counteroffer based on the negotiation issues at the r negotiation round. The D r represents the average distance value between the offer and counter-offer among the past negotiations. The parameter r represents the current round of negotiation. Therefore, according to the current satisfaction level ρ, the degree of response δ, the time t and the market λ, the margin of concession ε for an agent is defined as follows:
where µ ρ (ρ), µ δ (δ), µ t (t) and µ λ (λ) denote the desire for concession according to the satisfaction level, state of response, time constraints and market influence. An agent's satisfaction level represents the current agent's intention, the opponent responsive state reveals the opponent behavior preferences, and the market environment is negotiation knowledge for perceiving and reasoning. So this concession strategy is responsible for determining how an agent flexible transits its behavior state in the market. In particular, the opponents' behavior information with the fuzzy membership function represents the preferences or utilities which avoid potential conflicts and thus reach a satisfactory consensus more effectively. Then, to determine the new behavior state ε * of the agent, which is defined as follows:
Accordingly, an agent generates feasible solutions and presents a new prospective solution, which is limited by the new behavior state ε * .
Step 3 (Feasible Solution Generation): Given the intention ε * X k of the k th agent with the new behavioral state ε * , generating a set of feasible solutions P is defined by [24] :
The set of feasible solutions P is gradually explored for a partial solution space [ε * , ε] which allows agents to exploit trade-offs among different issues, rather than a single point (which is adopted by most bargaining models) or re-exploring proposals over the whole solution space. This ensures that agents move toward an agreement more efficiently and effectively.
The agent generates the best offer by selecting the most appropriate solution with reference to the latest counter-offer B from the opposing agent and the feasible solution set P. An appropriate measure function is denoted as follows:
where F l (S) is the fuzzy membership function about the l th issue of the solution S, C A l and C B l are the possibility distribution for the offer A and counter-offer B over the constraint of the l th issue, respectively. The parameters w p and w q are the weight associated with the satisfaction and the similarity of the solution, respectively. The different negotiation strategies represent different negotiation behaviors with regard to solution selections and the speed of conflict resolution between CAs and PAs. Thus, the parameter settings for the various negotiation strategies are defined by:
These strategies represent the classical market environments. With the win-win strategy, the result tends to balance the benefits between CAs and PAs. In a negotiation using the collaborative strategy, the agent concedes to a solution capturing more benefits for the opponent. Finally, the agent makes few concessions and tends to seek benefits for himself/herself when the competitive strategy is adopted.
Then, the agent uses the fuzzy constraints to specify preferences over negotiation issues to rank the feasible solutions and propose a prospective solution S * is defined as follows: Figure 2 presents an example to demonstrate how to propose the prospective solution for different strategies. It can be observed the competitive strategy will achieve the most satisfactory solution for the selfness, the collaborative strategy capture more benefits for the opponent. However, the fixed strategy is not adequate to respond to the change in the heterogeneous market environment, especially the dynamic resource provision make the changeable cost and resource load. So, the hybrid strategy can be proposed by taking the global outcome into account, such as select the strategy based on the maximum combined ASV from the three different strategies. So the hybrid strategy can reach the more global utility than the other strategies and also protect the local interests. Step 4 (Offer Generation): Given the feasible solution set P and the prospective solution S * , to generate a new offer
) over the set of objects X k about the issues and N X is the total number of objects. Each element A * q is the marginal particularized possibility distribution in the space X k of the k th agent and is defined by [29] , as follows: (13) where X k q is the cylindrical extension of X q in the space X k .
Step 5 (Negotiation Termination:) During the negotiation process, the agent exchanges offers and counter-offers with the multiple opponent agents until one negotiation is successful or all negotiations fail. If either ASV of counter-offer B or the ASV of the next-round offer S * is larger than the new behavior state, then the negotiation is successful. The termination of negotiation can be defined as follows:
Otherwise, the negotiation fails if either the solution is empty or exhausts the negotiation resources; e.g., the behavior state is lower than 0.
IV. NEGOTIATION PROTOCOL OF AFCN
The negotiation protocol defines the common rules, communication messages and communication sequence that govern the interaction between negotiating parties as shown in Figure 3 . During the course of a negotiation, agents may send or receive six types of messages, including ask, tell, accept, reject, agree, and abort via a communication protocol, which represents the negotiation actions based the change of negotiation states of agents. These messages are coded in Knowledge and Query Manipulation Language (KQML) [30] , due to its formal semantics and specifications of interaction relatively easy to represent the fuzzy concept [31] .
• ask(negotiator, opponent, offer): The negotiating agent queries the opponent for the offer with additional fuzzy information.
• tell(negotiator, opponent, counter-offer): The negotiating agent transfers the counter-offer with additional fuzzy membership function to the opponent.
• accept(negotiator, opponent, offer): The negotiating agent accepts the offer proposed by the opponent.
• reject(negotiator, opponent): The negotiating agent sends a reject message to the opponent if the negotiating agent cannot propose any proposal to the opponent.
• agree(negotiator, opponent, counter-offer): The negotiating agent accepts the counter-offer proposed by the opponent.
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• abort(negotiator, opponent): The negotiating agent abort the accepted counter-offer of the opponent. Figure 3 shows the sequence of agents using the negotiation protocol during the course of negotiation. At the beginning of negotiation, the CA proposes an ask message to the corresponding PAs to request the availability of a service resource. Each PA evaluates the counter-offer from the CA and then proposes a tell message to the CA, which then responds to the request if the counter-offer calls for negotiation. During the process of negotiation, each PA finally proposes an accept or reject message to the corresponding CA. The accept message informs the CA that a successful deal has been made in the negotiation. The reject message informs the CA that the negotiation has been rejected, while the CA can send reject message to the PA if the CA cannot propose any proposal to the opponent agent. The CA continuously bargains with multiple PAs through interactive ask and tell messages. Finally, the CA informs all PAs with an agree or abort message. The CA selects the one optimal counter-offer from the PA and sends an agree message to the PA. Otherwise, the CA sends an abort message to the other PAs. The process of negotiation terminates.
V. PERFORMANCE EVALUATION
In order to evaluate the performance of the proposed AFCN model to support the negotiation of multiple agents in the CPSS services market, the CloudSim [32] , is used as a simulation platform, which is an appropriate and up-to-date toolkit for simulation and research on the cloud service. The CloudSim is a cloud service simulation environment that supports the modeling of on-demand resource allocation. This platform not only addresses the requirements of cloud computing, but also presents necessary facilities, parameters and conditions for CPSS [33] .
In the simulation environment, the data center comprises 90 heterogeneous PMs. Each PM is modeled to have 10 cores of CPU and 32 GB of RAM and 2 TB of storage. In particular, the CPU performances for the first group of 30 PMs are set to 1000 million instructions per second (MIPS); the performances for the second group of 30 PMs are set to 2000 MIPS, and the performances for the final group of 30 PMs are set to 4000 MIPS.
The consumer submits VM requests to the simulated data center for task operation. Each VM runs with a varied workload, which is modeled to generate a CPU load according to a uniformly distributed random variable with 1000-40000 MIPS and a performance completion time according to a uniformly distributed random variable ranging between 10-20 minutes. Ten negotiation rounds are allowed and the negotiation is terminated with a failure if there is no agreement. CAs and PAs have sufficient time to complete negotiation within 6 rounds in all experiments. The results are validated with the z-test, which shows that some experiments need to be repeated at least 100 times to guarantee that the difference between the means is not significant (i.e., the value of p > 0.05). Therefore, for all experiments, 150 instances were randomly generated to measure the performance of each experiment.
To evaluate the performance of agent negotiation in the market, efficiency is the most important property for obvious reasons, such as higher degree of satisfaction and faster agreement are reached. Thus efficiency involves in combined ASV, the ratio of successful negotiation and negotiation rounds, which are typically selected by the most research [17] . In addition, optimality is another desirable property, and is domain-specific. In the electric market, other than seeking a higher degree of satisfaction, consumer agents also aim to minimize the buying price, whereas provider agents aim to maximize the revenue [34] .
A. PERFORMANCE COMPARISONS AMONG DIFFERENT NEGOTIATION MODELS
To evaluate the impact of the negotiation models in the case of multilateral SLA negotiation for CPS market, the performances of AFCN models with win-win strategy (denoted as AFCN_Win-Win) are compared with these models, including the combinatorial double auction using a broker agent proposed by Samimi et al. [35] , denoted as Broker, the bargaining model considered the time factor proposed by Zulkernine and Martin [17] , denoted as Time, the bargaining model considered time and market factors proposed by Wu et al. [18] , denoted as T_M, and the bargaining model considered time, market and behavior factors model proposed by Adabi et al. [20] , denoted as T_M_B.
All these bargaining models take into account the time factor, and their time-dependent concession strategies have quite similar to each other. For comparing bargaining model rational, we select the same polynomial decision function, t = q + (1 − q)( r r max ) 1 / β , to determine how the values of an issue are automatically adjusted by the agents based on the time factor. The market-driven agents within the T_M, T_M_B and AFCN models are utility maximizing agents, an agent more seek own interests based on the making minimally sufficient concessions [36] . However, the T_M model only focus on the numbers of the competitors and patterns to represents the market factor influence. While the T_M_B and AFCN models take into account the differences of the proposal, which more able to reveal the relationship of demand and supply. Figure 4 shows the average combined ASV derived from successful negotiation with an increasing resource demand/supply ratio from 0.1 to 1.5 and three PAs are used to negotiate with multiple CAs. The maximal average combined ASV is 2 (namely, the ASV of CA is 1, and the ASV of PA is 1). The average combined ASV decreases with an increasing resource demand/supply ratio, because the PAs have fewer available resources to satisfy the specific request from the CA. It can be observed the AFCN_Win-Win model achieves a highest average combined ASV than the other models. For the other three iterative bargaining negotiation models, the T_M_B model has a higher average combined ASV than does the other models. In contrast, the Time model has the lowest combined ASV; whereas the Broker model has a slightly higher average combined ASV than the T_M model. Table 1 shows that the success ratio vary as the demand/ supply ratio increases from 0.1 to 1.5. When the demand/ supply ratio varies from 0.1 to 0.8, the success ratio is more than 0.95 for all negotiation models with sufficient resources. For the iterative bargaining negotiation models, the Time model experiences the lowest success ratio. For the models involving behavior factor (T_M_B and AFCN models) try to achieve a satisfactory solution for the opponent, so these behavior-based models can maintain the higher success ratio. However, the Broker model can match the solution by the central broker agent which results in the higher success ratio than the Time and T_M models. It also can be observed the AFCN_Win-Win model achieves the highest success ratio than the other models. Figure 5 shows the total revenue of the PAs derived from successful negotiations as the demand/supply ratio varied from 0.1 to 1.5. The total revenue of the PAs is depends on the amount of successfully negotiated resource and their transaction price. As indicated in Figure 5 , the T_M_B and AFCN_Win-Win models outperform the other models due to the model has the highest success ratio, whereas the Time model has the lowest revenues throughout the range of demand/supply ratio from 0.1 to 1.5. It can also be observed, although the Broker model achieves the better success ratio than the T_M model, but the winner determination mechanism makes the more resource request will pay less, so that it achieve the worse total revenue than the T_M model. When the demand/supply ratio is varied from 1.0 to 1.5, the T_M model achieves the better total revenue than the Time and Broker models; moreover less resources are available in the market, the total revenue of the T_M model rise more than the other models and outperform the T_M_B models when the demand/supply ratio varied from 1.4 to 1.5.
CAs not only seek the higher satisfaction degree but also aim to minimize the buying price of unit resource. shows that the buying price per unit resource of the CAs increases gradually as the demand/supply ratio increases from 0.1 to 1.5, because PAs can allocate fewer resources and experience increased costs. Again, the AFCN_Win-Win model achieves the lowest price per unit resource of the CAs and outperforms the other models throughout the range of the demand/supply ratio from 0.1 to 1.5. However the T_M model has the highest buying price than the other models. Figure 7 shows the number of negotiation rounds needed to reach agreement as the resource demand/supply ratio is varied from 0.1 to 1.5. Again, the AFCN_Win-Win model has the best convergence speed, requiring only 3.4 negotiation rounds on average. The T_M_B model takes a slightly longer time to reach an agreement, requiring 3.7 negotiation rounds, while the T_M model requires 4.3 negotiation rounds. Finally, the Time model has the slowest convergence speed; it requires 5.0 negotiation rounds on average. However, the Time model has more constant negotiation rounds as the variation of resource demand/supply ratio.
Based on those experimental results and performance comparisons, we can see that the behavior of the central broker agent can coordinate the negotiation results based on all proposals from the negotiators and decide the successful negotiation, which outperforms the Time and T_M models in terms of the Combined ASV and success ratio. Moreover, the CA-GREEDY mechanism adopted by Samimi et al. [35] , is more suitable applied to market with any number of users than the CA-LP (Combinatorial Auction-Linear Programming) mechanism [37] . CA-GREEDY determines the winners by first ranking the consumers in decreasing order of their 'bid density', such as request quantity of CA request [12] , and then greedily allocating them starting from the top of the bid list in increasing order of providers, which result in the total revenue outperforms the Time model and buying price per unit resource of the CAs outperforms the Time, T_M and T_M_B models. However, the Broker model used combinatorial double auction is a single-shot negotiation with limited interaction, which is also essentially predefined services and CA cannot be satisfied with special QoS requests, because the behavior of broker agent aim to the global goals, but not to the individual agent's goal.
For the Time model, the time is a predominant factor adopted to decide how to make behavior, which is not suitable for time insensitivity of automated negotiation. Time model achieves the worst solution than the other models due to greater oscillation and excessive concessions when an agreement is approached. However, when CAs and PAs adopt the concession strategy with the same concession rate, the Time model is a more fairness negotiation model as table 1 indicated.
The market factors (e.g. the opportunity and competition factor) can significantly affect the behavior of the T_M model by the variation of the demand/supply ratio. In additional, as the demand/supply ratio increasing, the PAs allocate the resources more chary to satisfy the request of CAs, which avoids the resource waste and have more available resource to allocation. So the solution of negotiation is better than the Time model, and some performances are better than the Broker model in terms of the total revenue of PAs. However, the model achieves the higher price per unit resource of the CAs and inequality degree than the other models in the simulation environment.
The T_M_B model not only considers factors including time and market factors, but also involves the behavior of the opponent agent. The opponent behavior is stored in the local database by the agent, which is a major factor in interpreting and processing for guide the agent's behavior to improve the satisfaction level and avoid the risk to concede everything to the opponent, thus increasing their chances to achieve their best goals. So the T_M_B model can achieve the better negotiation solution than the Time, T_M and Broker models.
However, these aforementioned bargaining negotiation agents focus on the concession strategies based on different factors (e.g. time factor, the supply and demand relationship and the behavior of the opponent) and resolve the conflicts through continued concessions until the value of issues are all overlapping and cannot search all possible solutions for negotiation, because no agent has any a priori information about the feasible solution of other agents or any possible agreements just exchanging the uncertain and incomplete information of proposal without the agent's preference or utilities. The agents of the proposed AFCN model are endowed with beliefs about the market environment and the opponent behavior, with intentions to guide the behavior of agent, which represent the goal the agents want to achieve. The agent's owner's intention and the opponents' behavior information with the fuzzy membership function are used to evaluate the proposal, which are used to specify the possibilities prescribing the extent to which the feasible solutions are suitable for both sides to be ranked. As a consequence, experiment results demonstrate that the performance of negotiation can be improved by the AFCN model.
B. PERFORMANCE COMPARISONS AMONG DIFFERENT AFCN STRATEGIES
To evaluate the impact of different AFCN negotiation strategies, the performances of four AFCN strategies (collaborative, win-win, competitive, hybrid) are compared in terms of the combined ASV, success ratio, total revenue of PAs, the buying price and the number of negotiation rounds.
To calculate the strategy as per Equation 11 , the parameters w p and w q of the proposed three different SLA negotiation strategies are set to: w p = w q = 1.0 is win-win strategy; w p = 0.8, w q = 1.0 is collaborative strategy; and w p = 1.0, w q = 1.2 is competitive strategy. The different negotiation strategies represent different negotiation behaviors with classic market environments, which also avoid re-exploring proposals over the whole solution space.
As shown in Table 2, Table 3 and Table 4 , the AFCN_Competitive strategy achieves the better performance than the AFCN_Collaborative and AFCN_Win-Win strategies in terms of the combined ASV and when the demand is less than supply, and the AFCN_Competitive strategy achieves higher revenue for PAs than the AFCN_Collaborative and AFCN_Win-Win strategies. However, the AFCN_Competitive strategy need the more negotiation rounds and consistently achieves a lower ratio of successful negotiations, which lead to the less revenue for PA than the AFCN_Win-Win strategy as the demand/supply ratio increase. When the demand/supply ratio is low, it is easier to resolve the conflict for CA and PA and achieve more successful negotiation, so the AFCN_Collaborative strategy outperforms the other strategies in terms of the success ratio and negotiation rounds. However, the solution of AFCN_Collaborative strategy is worse than the other strategies in terms of the combined ASV, the total revenue of PAs, and buying price of unit resource for CAs due to the resource waste for PAs. As the demand/supply ratio increase, there are less available resources, so the AFCN_Collaborative strategy achieves the less and less success ratio than the other strategies. Moreover, the AFCN_Win-Win strategy tends to balance the benefits for both sides when the demand/supply ratio increases as it achieves a higher ratio of successful negotiations with the least number of negotiation rounds even though there is a higher revenue of PAs and lower buying price of unit resource.
In contrast, simulation results show that it is more beneficial to use the AFCN_Hybrid strategy. The strategy achieves superior performance than the other strategies in terms of the Combined ASV, the success ratio, the total revenue of PAs and buying price of unit resource for CAs. The strategy aims the global performance by considering the satisfaction level of both sides than the other strategies, and integrates the advantages of the AFCN_Win-Win and AFCN_Competitive strategies in terms of the success ratio, the total revenue of PAs and buying price of unit resource for CAs as the demand/supply ratio increases from 0.1 to 1.5. It also can be observed the AFCN_Hybrid strategy more likely adopted the AFCN_Win-Win and AFCN_Competitive strategies due to the negotiation rounds are between the AFCN_Win-Win and AFCN_Competitive strategies as indicated in table 2.
VI. CONCLUSION
This paper proposes a behavior-based agent negotiation model AFCN to perform negotiations that facilitate the negotiation performance for CPSS. The AFCN provides a unified framework for all constraints, objectives, preferences and relations within and among agents to improve the flexibility and efficiency of negotiation for solving resource allocation in the market. By sharing limited and fuzzified preference functions between CAs and PAs, it enables them not only to interpret their opponents' preference through iterative negotiation, but also to avoid potential conflicts and thus reach a satisfactory consensus more effectively. The AFCN gradually explores expected proposals only for a partial solution space, with satisfaction not falling below a certain threshold, rather than re-exploring proposals over the whole solution space. This ensures that agents move toward an agreement more effective, as AFCN searches for consensus proposals and guides the behavior toward constraint-satisfying solutions.
To compare with other negotiation models, the negotiation mechanism can facilitate the exchange of messages without requiring the sharing of private information regarding the remaining resource capacity or selling price among agents while also providing the request allocation intentions of each participating agent.
The experimental results demonstrate that the proposed AFCN model using the fuzzy constraints to perceive opponent behavior state and negotiation environments can show superior performance to other models in terms of the level of satisfaction, the ratio of successful negotiation, total revenue of PAs, and convergence speed in the negotiation.
Future research can address more complex CPSS scenarios in terms of the dynamic resource allocation during the negotiation process. Additionally, more QoS preferences can be added to issues in the negotiation. Future research also can be performed on the negotiation within service providers of various resources in federation or interconnected CPSS environments. His research interests include data mining, information recommendation, GIS application, and system engineering. VOLUME 7, 2019 
